Background
Introduction
With the sequencing of the human genome completed [1] [2] [3] , the next step is to annotate all of the functional elements in the genome, to reveal the genomic content. In spite of intensive analyses using EST [4] , CAGE [5] and/or comparative genomics [6] [7] [8] , about half of the genes remain uncharacterized. Thus, the focus has shifted to the functional annotation of the genes [9, 10] .
Although each gene has its specific function, complicated cellular functions are usually achieved by combinations of individual functions, as in the ribosome, which synthesizes proteins by the coordinated functions of many ribosomal proteins and RNAs. Metabolic pathways are also good examples of genes that work together to achieve various biological functions. Therefore, to understand the functional role of each gene, it is essential to find groups of genes working with the same timing, by identifying genes with functional relationships. [11] Various kinds of relationships can be considered to identify the functional modules. Protein-protein interactions (PPI), obtained by high throughput experiments such as yeast twohybrid methods [12] , provide some of the most comprehensive interaction data [13, 14] , but they only cover the proteins with direct interactions. In other words, genetic interactions (e.g. transcription factor and target gene) and metabolic pathways are not included. Another way to infer gene networks is based on the manual curation of the literature [15] . This approach provides high quality interaction data, but is quite time consuming and requires large amounts of human resources.
DNA microarrays generate profiles of comprehensive gene expression patterns and their clustering [16, 17] to detect functionally related genes. Since one gene expression profile only provides a snapshot of a cell state, many expression profiles are required to detect related genes with reliable accuracy. Currently, over ten thousand gene expression data points are available for some microarray platforms, and they have been used to identify genes [18] , genetic interactions [19] and gene modules [20, 21] .
To detect the regulatory relationships among genes, coexpression is a popular and promising approach [20, 22] . Coexpression is calculated from large amounts of expression data obtained by microarray [23] or RNA-seq [24] experiments, to detect the genes with similar expression profiles. In this study, we have focused on the microarray data, because the number of available microarray samples is about 10 times larger than that of RNA-seq experiments. RNA-seq has some advantages, in terms of the gene expression profile quality. However, the number of samples is also an important factor to identify good functional relationships between genes, because larger coverage of various conditions is necessary to detect subtle functional connections. According to the progress of several international projects, such as ENCODE [25] , the amount of available expression data is rapidly increasing, but is still currently limited as compared with that of DNA microarrays. Our approach will be applicable to RNA-seq data in the future, when larger amounts are available.
For the identification of gene functions, sequence conservation is also very useful. Since comparative analyses of genome sequences have worked very well to identify new potentially functional elements, as in the recent comparisons of 29 mammalian genomes [8] , such analyses are becoming a standard practice when new genome sequences are solved [6, 7, 26] .
Since both gene expression and sequence conservation are useful to understand gene functions, the introduction of conservation into analyses of gene expression profiles should be promising. Su et al. [27] compared the human and mouse transcriptomes, and found similar gene expression profiles in the corresponding organs. More recently, Brawand et al. [28] reported that the main differences in gene expression are due to the lineage, the chromosomes, and the tissues. These approaches were very useful to characterize the functional relationships among genes over species, but a serious problem still exists in the consideration of the conservation of gene expression patterns. It is easy to obtain samples from similar organs, but the similarity may not always indicate the correspondence of the organs. It is almost impossible to obtain samples corresponding to the same type of cells in the same state.
To overcome this difficulty, some studies have proposed methods to match samples over species. Le et al. [29] developed a method to match experiments over species, by introducing a new distance function between the samples, and Wise et al. [30] tried to match experiments based on their descriptions along with the expression data. These methods may work well to find similar gene expression states, but they naively assume that homologous genes have similar expression profiles. As we describe in this paper, this assumption is not always true.
We now propose a new method to compare gene expression patterns without sample matching, to focus on the relationships among the genes in each species and to compare the relationships among species. In this approach, we assume that the interactions between genes are conserved over species, if the interactions are fundamentally important for the biological roles of the genes. More precisely, we introduced a new method to measure the coexpression similarities. We created gene networks based on the conserved gene coexpression to find the functional modules by using a graph community detection algorithm, and found some wellenriched functional gene modules without any prior knowledge.
Results & Discussion

Patterns of coexpression conservation
We compared the gene lists of the corresponding (or homologous) gene pairs to evaluate the conservation of coexpression patterns and expression data from two species, human and mouse. For each human gene (referred to as the guide gene), a list of coexpressed genes was created by ordering the genes by the coexpression strength, and a corresponding list of mouse genes was constructed for each homologous gene to the guide gene. The coexpression conservation of a homologous gene pair was measured as the similarity in the lists for the top N genes (Fig 1A) . When the human guide gene had multiple homologous mouse genes, we compared the coexpressed gene lists for each pair of homologous genes. Next, we drew a "conservation chart" based on the number of corresponding gene pairs in the most coexpressed N genes, as shown in Fig 1B. If the human and mouse coexpression lists are exactly equal, then the conservation chart should look like the blue dashed line in Fig 1B. If the coexpression lists are equal to Fig 1A, then the conservation chart looks like the red dashed line in Fig 1B. A conservation chart represents the degree of similarity in the coexpression lists and indicates where the similarity exists.
One of the highly conserved genes was RPS14 (ribosomal protein S14), which had 71 corresponding genes in the top 100 most coexpressed genes (Fig 1C) . Among the 60 genes, 55 are ribosomal genes, which correspond to 92% (= 55/60) of the human ribosomal genes tested. This result partially demonstrates the potential of our approach to detect related genes. However, many genes have low coexpression conservation, as in the example of PSMD9 (Fig 1D) . On average, 13.1 genes were found to have corresponding genes in the top 100 most coexpressed genes.
Although the "shapes of the conserved lines" in the conservation charts were quite divergent and thus prevented a systematic classification, we found an interesting pattern, as shown in Fig  1E for SYCN (syncollin) . This gene has a well-conserved region for the top 39 genes, while there were only slight increases after that, and 24 of the 39 genes have the homologous genes in mouse. SYCN is involved in the pancreatic secretion pathway (KEGG:hsa04972), and 12 of the 24 genes are also involved in the same pathway. This observation suggested that SYCN and the 24 genes may form a functional cluster for the pathway. When we assume that functional gene clusters are conserved over species, then the two coexpression lists for the orthologous gene should be similar over species. Therefore, it may be possible to detect the functional clusters by focusing on the well-conserved regions. Hereafter, we refer to the genes in conserved regions that have corresponding mouse genes (namely, the 24 genes in the above example) as "conserved coexpressed genes" or in short "CC genes".
Identification of conserved coexpressed genes
To detect the CC genes from the conservation chart, we tried to identify a turning point, where a well-conserved region goes into a less conserved one. For this purpose, we searched for a point by detecting a flat region in each conservation chart, because a conservation chart should be flat for the genes in a list if the orders of the two coexpression lists are random. Thus, the initial point of the flat region was defined as the turning point, and we defined the conserved region as the part on the left of the flat area. The CC genes were identified as the corresponding genes between human and mouse of a guide gene in the conserved region. See the Materials and Methods section for the details of the turning point detection and the CC gene identification. As a result, 4,672 guide genes had a turning point. Each guide gene had 6.6 genes on average, and 3,776 non-redundant CC genes were identified.
Conserved gene network in human
To visualize the relationships among all of the guide genes and their CC genes, we represented them in a network style, where each node corresponds to a gene and an edge is drawn from a guide gene to a CC gene, and removed all of the unidirectional edges. (Information about the nodes and edges is provided in the Cytoscape format in the S1 File.). The resulting networks are shown in Fig 2A. The networks consisted of one large and twenty small networks.
Since the large networks were too big to interpret, we separated them into more tightly related gene modules for convenience. For this purpose, we used the community detection algorithm developed by Palla et al. [32] for all of the networks shown in Fig 2A. This algorithm searches for densely connected sub-networks by integrating small cliques, and thus requires one parameter, the smallest clique size (SCS). We first used a default value (SCS = 4) and found 70 modules, as shown in Table 1 . To characterize the functional roles of the modules, we performed GO enrichment analyses by the Fisher exact test, and selected the GO term with the smallest p-value from the statistically significant terms as the representative GO term. The genes in each module are shown in S1 Table. As a result, 45 of the 70 modules had significantly enriched GO terms. For example, the representative term of the largest modules shown as ID: A-1 in Fig 2A was th and 19 th modules. These modules had no significant terms with Pvalues < 0.05, and thus might be novel functional modules, such as the other modules with significant terms, because they have comparatively strong conserved coexpression. Some gene modules had similar annotations and overlaps, indicating the existence of larger modules, if we searched modules for lower density. To elucidate the relationships among the modules, we observed the overlaps by changing three different SCS parameters of the module detection algorithm. We used three, four and five as the SCS to reveal both the low-density modules and high-density modules, as recommended by Palla et al. [32] . The numbers of detected gene modules were 107, 70 and 42, and the mean numbers of genes were 17.4, 19.3 and 24.6, respectively. The genes in the modules for SCS = 3 and SCS = 5 are shown in S2 and S3 Tables, respectively, and the enriched GO terms are shown in S4 and S5 Tables. The number of detected module with SCS = 4 (70 modules) may be larger than expected as expected, but it should be noted that our method will not detect the gene modules that were changed from mouse to mouse, because our method is based on the conservation between human and mouse, which may result in that the number of modules was limited.
The largest gene module in SCS = 3 is shown in Fig 2B . In this module, 308 out of 767 genes had the GO term GO:0002376 (immune system process). This module can be further separated into 9 sub-modules with 10 or more genes by using SCS = 5, as indicated in Fig 2B, where different colors represent the different modules with SCS = 5. Some of the colored gene modules were related to the immune system GO term, but others were not. For example, the ID: B-1, B Detected gene networks (A) Gene networks based on coexpression conservation. We generated networks with 3,776 genes. The largest gene network contained 2,717 genes. Genes (nodes) were colored when they were a member of the top 20 largest modules with SCS = 4. Gray nodes were parts of some smaller modules, and black nodes were not parts of any modules. We prepared this picture of the network with Cytoscape ( [31] ). (B) The largest gene modules with SCS = 3 and the large modules with SCS = 5 are colored. This module has the representative term "immune system process", but not all of the sub-modules with SCS = 5 have immune-related GO terms, as discussed in the text. (C) The gene network without a turning point. Since some gene networks had high coexpression conservation, no flat region was found. We used 100 instead of a turning point, because turning points cannot be defined for these genes. This network was generated from these highly conserved genes. interesting terms such as GO: 0032963 (collagen metabolic process) and GO: 0001568 (blood vessel development). This result may indicate that the immune system tightly cooperates with collagen metabolic process, blood vessel development and other systems. Some genes lacked turning points and had large numbers of corresponding genes, indicating that the genes are quite strongly conserved. To characterize them, we generated another gene network for them by regarding 100 as the tentative turning point, instead of determining a turning point. As a result, 336 genes, 1,953 edges and 8 individual networks were detected (shown in Fig 2C) . Only 9 genes among the 336 genes had no connection with other genes without any turning points. We applied the community detection algorithm again for this network, and found 13 modules. The largest module was ID: C-1 (Fig 2C) , where 95 genes were involved and 85 of them were annotated as GO:0007049 (cell cycle). This result suggests that the genes for fundamental functions, such as cell cycle, translation or cytoskeleton, have highly conserved coexpression and are tightly connected in each function.
Effect of the introduction of conservation
We performed the same module detection analysis for a human coexpression network without conservation, to evaluate the effect of the conservation. Coexpression data for human were obtained from COXPRESdb [33] , where the strengths of coexpression are described by a rankbased measure called Mutual Rank (MR) [34] . Smaller MR values indicate stronger coexpression.
When we used MR = 3, 5, 10, 15, 20, and 30 as cutoffs, 22, 165, 458, 600, 667, and 622 modules were detected, respectively (shown in S6 Table) . We calculated the GO enrichment of the modules for each MR threshold, and found that 5/22, 41/165, 76/458, 56/600, 56/667, and 33/ 622 modules were enriched with at least one GO term. However, the conservation filtering method proposed in this paper detected 45 enriched modules out of 70 modules (Fig 3A) , and the ratio of enriched modules based on coexpression conservation is clearly better than the ratios of enriched modules based on the non-filtering method with COXPRESdb at any MR threshold (< 41/165 with MR = 5, see Fig 3B) . This observation suggests that the conservationbased method may reduce false positives to identify functional modules.
To check the reduction of false positives in each module, we further compared the modules with MR = 10 (458 modules) and the modules identified by conserved coexpression (70 modules). We found that 47 modules were similar (S7 Table) , where a pair of modules was judged to be similar if the number of common genes was significantly large (Fisher's exact test, p-value < 0.05 with Bonferroni correction). If a module had multiple similar modules, then only the mutually best pair was used. We also counted the number of genes with the representative GO term of the module (N representative GO term truly explains the function of a module, then a higher ratio indicates a better module explanation, or a module with fewer falsely related genes (or genes with different annotations). As a result, 13 out of 47 modules were found to share the same representative GO term (S7 Table) , and the average ratio (N gene rep GO =N gene ) was 1.18 times higher in the conservation-based method than the COXPRESdb method. Notably, the raw number N gene rep GO was also 1.18 times higher and the sizes of the conservation coexpression-based modules were larger than those of the COXPRESdb-based modules (Fig 3C) , indicating that fewer falsely related genes were included in the modules (S7 Table) .
Some examples of similar module pairs are shown in Table has different representative GO terms with 25 common genes, one for "skin development" and the other has no significant term, where the size of the conservation-based module (97 = 72+25) is much larger than that of COXPRESdb (42 = 25 + 17). The larger size and the existence of the representative GO term indicate the enhanced enrichment of the related genes. The second module pair also has a larger number of genes with the representative term in the conservation-based module (35) than that of COXPRESdb (24) . Since it shares the same representative GO terms, the larger number of genes with the representative GO term may indicate the presence of a smaller number of related genes outside of the module. However, the ratio of the genes with a representative GO term for the conservation-based module (0.52) is smaller than that of COXPRESdb (0.62), which indicates the inclusion of a larger number of unrelated genes in the conservation-based modules. Since the conservation charts of the large module member genes have few flat regions in a small N range, the turning points of these genes were found in a large N range. Therefore, genes that are not directly related to a representative term may be included in the detected gene module. As described above, the conservation-based modules have better N gene rep GO =N gene ratios on average, as in the case of the third example. However, in some cases the COXPRESdb-based modules produce better modules from the viewpoint of the inclusion of falsely related genes, as in the second example. In short, coexpression conservation may reduce the number of false negatives and false positives, to detect the functionally related genes on average.
Implementation of web-based database
All results of coexpression conservation, CC genes, and module detection are available through the web database named COeXpression SIMilarity DataBase (COXSIMdb, http://v1.coxsimdb. info). The overview of the database is shown in Fig 5. To use this web database, insert the gene symbol or entrez gene ID into the search field at the top of the COXSIMdb page (shown in Fig  5A) . This web service provides a list of genes related to the query, with a view of the results of the coexpression conservation of a gene (Fig 5B) . 
Conclusion
In this paper, we have described a new method to compare gene expression patterns by focusing on gene coexpression, to avoid the problem of sample matching. We also developed an algorithm to detect the conserved modules, and the GO term enrichment analyses revealed that the conserved gene modules have strong functional relationships. In other words, our method could detect some functional modules, without any prior knowledge. Many modules are well known, such as ribosomal protein or immune system, but some detected modules have significantly enriched GO terms, and thus they will be good candidates for further experimental analyses to identify the novel functional modules. Table. doi:10.1371/journal.pone.0132039.g004 
Materials and Methods Datasets
All human and mouse coexpression data were obtained from COXPRESdb [33] , versions Hsa. c4-1 (20,280 genes) and Mmu.c3-1 (20,959 genes), respectively. COXPRESdb is a database of co-regulated gene relationships. The coexpression strengths were obtained from COXPRESdb, and are represented by Mutual Rank (MR) [34] . MR is a rank-based measure, and smaller values indicate stronger coexpression. We prefer MR over the Pearson Correlation Coefficient (PCC), because MR shows better performance in GO prediction [34] . All homologous gene sets were obtained from HomoloGene [35] , version build 65, and the genes that were not in HomoloGene were removed from the analyses. There were 18,981 human genes and 21,766 mouse genes in HomoloGene, and we used 14,611 homologous gene pairs between human and mouse in our analyses. We used Gene Ontology Terms (GO Terms) [36] to annotate the functions of the gene modules. The correspondence between the genes and the GO terms was obtained from the gene2go file in NCBI [35] .
Detection of turning point and conserved coexpression genes
As described in the Results and Discussion section, we counted the number of human genes with mouse homologs to draw the conservation chart (Fig 1A and 1B) , and then searched for the lines with a turning point. It should be noted that we counted the number of human genes when a gene had multiple homologous genes in mouse. In other words, a human gene with two or more homologous genes in mouse was counted as one, while a mouse gene with two human homologs was counted twice. In the example shown in Fig 1E , some conservation charts have two distinct regions, highly conserved and non-conserved, which can be detected as a turning point in the conservation chart. When a functional gene relationship is conserved between two species, the gene coexpression relationship will also be conserved. Therefore, to detect the functional modules, we tried to detect the turning point in each conservation chart.
The turning point is detected by focusing on the flat area in a conservation chart. If a gene module has k genes, then the two coexpression lists should have the same order in the top k genes, but the orders in the list after the k genes can be expected to be random. Therefore, if no new corresponding genes are found after the highly conserved region, it should be the turning point. We defined the turning point as the region with a 10-length flat region, which is a region with no new corresponding genes, and defined the conserved region as the region to the left of the turning point. We searched for turning points among the top 400 coexpressed genes.
When we also checked 5, 10, 15 and 20 as the length of the flat region to define the turning point, 1,890, 3,776, 3,478 and 2,783 non-redundant conserved-coexpressed genes (CC genes, as described below) were found, respectively. We selected the length of the flat region to maximize the number of CC genes. On the one hand, the use of flat regions longer than 10 to detect the turning point decreased the number of CC genes, because no flat region was found in the conservation chart. On the other hand, the shorter flat region also made the number of CC genes decrease, because turning points were found in the first position.
The genes in the conserved regions can be considered to have strong functional relationships. Therefore, we focused on the genes in the conserved regions, to emphasize their strong relationship with the guide gene. Since some unrelated genes can be mixed in the coexpression lists due to coexpression noise, we used the genes mutually found in the conserved regions and named them CC genes. In other words, if gene A is the CC gene of guide gene B, then guide gene B should also be a CC gene of gene A. If there were multiple turning points, our turning point detection algorithm selected the first one of them, and tended to select the turning point at the smallest N.
Some genes did not have a flat area because their coexpression lists were highly conserved. We also generated a conserved coexpression gene network by using the following method. Since these genes did not have a flat area, we could not determine a turning point. We used 100 as the threshold of N instead of the turning point in these cases. Subsequently, we generated a coexpression gene network without a flat area, using the same procedure described above.
A Python implementation to calculate the conservation and the turning point is available at S2 File.
Analysis of the gene network and module detection
Since the CC genes are those with a tight functional relationship to the guide gene, we represented the relationship as a network, where a node indicated a gene and an edge represented a relationship between a CC gene and the guide gene.
Biological networks tend to be scale-free, with a small world network and a modular structure [37] [38] [39] . Since our network also had similar features, we applied a community detection algorithm implemented in networkx [40] to find the functional modules, according to Palla et al. [32] . To characterize the functional roles of the modules, enrichment analyses were performed, using TargetMine [41] and based on Fisher's exact test. We defined the representative GO term as the GO term with the smallest p-value in a module.
Since some gene modules had overlaps or similar annotations, we performed the module detection with three different strictness values, corresponding to the change in a parameter for the smallest clique size (SCS) used in Palla et al. [32] . Detection with a larger SCS yielded smaller and higher clustering coefficient modules. More precisely, we used three, four and five for the three different SCS values, and calculated the overlaps between the detected gene modules. Finally, we performed clustering of the gene modules by connecting the overlapped modules. Table. The correspondence between conservation coexpression-based modules and mutual rank-based modules.
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